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A B S T R A C T
Geobotanical remote sensing (GbRS) in the strict sense is an indirect approach to obtain geological information
in heavily vegetated areas for mineral prospecting and geological mapping. Using ultra- and hyperspectral
technologies, the goals of this research comprise the definition and mapping of Neotropical tree species that are
associated with geological facies (here called geo-environments) as well as their spectral discrimination at leaf
and crown scales. This work also aims to investigate the possible relationship between leaf and crown spectral
and chemical properties. The study was developed at the Mogi-Guaçu Ecological Station, in the Cerrado domain,
southeastern Brazil. Data from 70 sample units, such as sediment texture and species from inventories, were first
analyzed through vectorial quantization using Self-Organizing Maps (SOM). Principal Component Analysis and
Spearman's ranked correlation coefficients were used to define geo-environments and target-species, respec-
tively. Biochemical and visible to shortwave infrared (VSWIR) point spectral data (350–2500 nm) were collected
from the leaves of the target-species, during both rainy and dry seasons. Spectral data from target-species crowns
were obtained from hyperspectral images (530–2.532 nm, ProSpecTIR-VS sensor) with 1m spatial resolution,
and acquired in the beginning of the dry season. These spectra were classified using Multiple Endmember
Spectral Mixture Analysis (MESMA) with two endmembers (EMs). Based on the MESMA results with two EMs,
the best dataset per target-species was chosen for pixel-based image unmixing with three EMs (target-species,
other vegetation types and shade). From 121 species sampled in the field, two proved to be associated with
floodplains (Alluvial Deposits sequence), two with hills and plateaus of the Aquidauna Formation (Carboniferous
sedimentary rocks, Paraná Basin), and two more with a specific facies of the Aquidauna Formation that has a
distinctive presence of coarse and very coarse sand. Five target-species were well discriminated at the leaf scale,
reaching 90.0% and 85.0% of global accuracies in the rainy season and in the dry season, respectively. Accurate
spectral discrimination appears to be linked to the considerable biochemical variability of their leaves in both
seasons. Three species were discriminated at the crown scale, with 70.6% of global accuracy. When eight other
landscape scale vegetation classes were included in the analyses, only Qualea grandiflora Mart. produced a sa-
tisfactory accuracy (61.1% and 100% of producer and user's accuracies, respectively). The spatial distribution of
its fraction in the unmixed image, particularly, matches with the geological facies to which it was associated in
the field. Ecological requirements for successfully mapping indicator species include broad and random dis-
tribution of the target-species' population, and singular physiological, phenological (and spectral) behavior at
the imagery acquisition date. Our study shows that, even in tropical conditions, it is possible to use plant species
mapping to support geological delineation, where rock exposures are typically rare.
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1. Introduction
Geobotany is an old science, commonly understood as a technique
for mineral prospecting in vegetated terrains (e.g., Cannon, 1960, 1971;
Brooks, 1972, 1983; Prasad, 1987). In a broader sense, it comprises the
study of the physical and biological processes that are of interest to
Earth Science (Ustin et al., 1999). According to those authors, Geobo-
tany has the potential of providing a better understanding of phe-
nology, abundance and the distribution of plants through holistic eco-
physiological models, connecting plant behavior to edaphic conditions
and geology.
In western culture, recognition of an association between a plant
species and a specific rock type dates back to the 4th century B·C,
credited to Theophrastus (Kruckeberg, 2002). However, there are
practical difficulties related to this science by requiring both geological
and botanical knowledge. Since the advent of multispectral remote
sensing, Geobotany has gained increasing importance (Lyon and Lee,
1970; Ustin et al., 1999) in its strict and broad senses (e.g., Carranza
and Hale, 2002; Higgins et al., 2011; Lammoglia and de Souza Filho,
2013; Sanches et al., 2013; Sirén et al., 2013; Hede et al., 2015; Wang
et al., 2018).
The first Geobotanical Remote Sensing (GbRS) studies focused es-
sentially on mineral deposits, as shown by various NASA Technical
Reports (e.g., Arden Jr and Westra, 1977). Within the Cerrado biome
(Brazilian tropical savanna), GbRS studies seem to be also focused on
the characterization of particular mineralizing processes (e.g. Almeida-
Filho and Castelo Branco, 1992; Almeida-Filho et al., 1996; Almeida-
Filho and Vitorello, 1997), and hydrocarbon microseepage (e.g., Souza
Filho et al., 2008). These studies highlighted geobotanical anomalies
due to chemical stresses. However, the application of the tool in re-
gional geology over common rocks is still rare. Evidence of association
between Neotropical plant communities' distributions and common
local geology has been found using multispectral remote sensing in
western Amazon for example (e.g., Higgins et al., 2011, 2012, 2014a).
As foreseen by Sabins (1999), the availability of hyperspectral
sensors has also encouraged new GbRS investigations. Madritch et al.
(2014) showed that the canopy visible to shortwave infrared (VSWIR)
hyperspectral reflectance from genotypes of trembling aspen (Populus
tremuloides) is directly correlated with soil traits and belowground
processes in two ecoregions: the Great Lakes region and Western region
of the United States. In Neotropical environments, Asner et al. (2005)
found associations between canopy traits and the age of underlying
substrate using hyperspectral vegetation indices from the Hyperion
sensor. Vitousek et al. (2009) correlated variations in canopy nitrogen
content and vegetation height to substrate age using airborne VSWIR
hyperspectral and Light Detection And Ranging (LIDAR) data. Higgins
et al. (2014b) observed clear relationships between vegetation species
composition, VSWIR spectral response and LIDAR structural data on
two different underlying sedimentary formations in a Central Panama
broadleaf forest. However, the information that can be obtained
through hyperspectral remote sensing goes beyond what has been
shown so far in GbSR approaches at the Neotropical zone, which hosts
hyper-diverse vegetation types.
Remote discrimination and mapping of plant species in hyper-di-
verse communities is not an easy task. The high inter-specific and intra-
specific spectral variability of tropical formations is still poorly under-
stood by the scientific community (Asner, 2008; Asner and Martin,
2008). The current consensus is that the success of species mapping in
tropical environments is a result of the species-specific structural, bio-
chemical, physiological and phenological characteristics, making it a
distinct “optical type” in face of other neighbor species (Asner and
Martin, 2008; Gamon, 2008; Ustin and Gamon, 2010). Spectral dis-
crimination of Neotropical species at the individual tree crown level,
which is possible only with sensors of fine spatial resolution, was
achieved in 2005 by Clark et al. (2005) in Costa Rica. Later, Kalacska
et al. (2007), Féret and Asner (2013), Somers and Asner (2014),
Baldeck et al. (2015) and Ferreira et al. (2016) reported similar suc-
cesses in tree species mapping.
However, understanding the characteristics related to a crown's
reflectance and its spectral classification is a challenge that starts at the
leaf level (Castro-Esau and Kalacska, 2008). Evidence is emerging that
at the leaf level hyperspectral remote sensing detects not only species
but functional, structural and phylogenetical properties, which may
vary among species and functional groups (e.g., Clark et al., 2005;
Gamon et al., 2005; Asner, 2008; Asner and Martin, 2009; Asner and
Martin, 2016; McManus et al., 2016). Successful spectral discrimination
of Neotropical species at leaf scales has been shown in the literature
since the 2000's (e.g., Cochrane, 2000; Castro-Esau et al., 2004; Clark
et al., 2005; Castro-Esau et al., 2006; Rivard et al., 2008; Féret and
Asner, 2011; Hesketh and Sánchez-Azofeifa, 2012; Ferreira et al., 2013;
Prospere et al., 2014).
Focusing on plant functional groups in Neotropical forests, recent
advances comprise species discrimination at the leaf level from various
habitats (e.g., Castro-Esau et al., 2004; Kalacska et al., 2007; Sánchez-
Azofeifa et al., 2009) and successional stages (e.g., Alvarez-Añorve
et al., 2012). Hesketh and Sánchez-Azofeifa (2012) studied leaf spectral
variation within tree and liana species in the rainy and the dry seasons,
in wet and dry forests of Central America, observing different seasonal
responses and good discrimination in both seasons. Due to the high
intensity of the species-specific spectral variations between seasons, the
authors highlighted the necessity of leaf chemical analyses to
strengthen the observed spectral variations.
A reasonable amount of studies on Neotropical species' spectral
discrimination, both at leaf and crown scales, as well as on emergent
trees mapping, can be found in the literature, as shown above.
Nevertheless, studies focusing on geological indicator tree species are
generally lacking.
Thus, the objective of this investigation is to characterize and map
indicator tree species to support geological facies delineation in an
ecological station in southeastern Brazil. Specifically, we aim (i) to
discriminate, chemically and spectrally, the tree species at leaf scale in
both rainy and dry seasons; (ii) to distinguish these species spectrally at
the crown scale in the dry season; and (iii) to map the sub-pixel fraction
of the species using high-spatial-resolution VSWIR hyperspectral
images. In addition, we discuss the relationships between target-species
leaf traits and leaf and crown spectral discrimination, the challenges on
discriminating and mapping indicator tree species previously defined in
the field, as well as the application of the method to geobotanical stu-
dies in hyper-biodiverse landscapes, as found in the Neotropics.
2. Materials and methods
2.1. Study area
The study area is the Mogi-Guaçu Ecological Station (MGES), lo-
cated in the Mogi-Guaçu municipality, State of São Paulo, southeastern
Brazil. The MGES is approximately 1230 ha (Fig. 1) consisting of large
hills and a floodplain, with elevations between 560 and 700m. Most of
the soils are hydromorphic floodplain soils. The MGES includes ap-
proximately 17 km of the Mogi-Guaçu River. We chose this area be-
cause common sedimentary formations without geochemical anomalies
compose the local geology. Thus, we could test our GbRS methodology,
designed for local (and regional) geologic mapping. The MGES geology
is composed of the Aquidauana Formation and alluvial deposits from
the Mogi-Guaçu River (CPRM, 2006). The Aquidauana Formation
(Carboniferous sedimentary rocks, Paraná Basin) is a fluviolacustrine
stratum with reddish sandstones and siltstones and, in addition, con-
glomerates, diamictites, rhythmites and shales. The diamictites, which
are also red in color, contain dispersed clasts, some with striations of
glacial origin, indicating that they represent tillites. Despite this litho-
logical diversity, Fúlfaro and Bjomberg (1993) observed that the soils
developed on this formation are commonly sandy. The alluvial deposits
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(Quaternary sediments) – whose source area is that sedimentary geo-
logical unit – consist of sands, gravels, silts, clays and, locally, peat.
The MGES is in a southeastern marginal area of the Cerrado biome
(tropical Brazilian savanna), exhibiting mosaics of vegetation char-
acteristic of the Cerrado and Atlantic Forest biomes (Joly and Bicudo,
1999). The semi-deciduous seasonal forests, from the Atlantic Forest
biome, occur as extra-Cerrado physiognomies due to their association,
even remotely, with watercourses (Ribeiro and Walter, 2008). In the
first floristic study performed in the area, Eiten (1963) noted that the
occurrences of the woodland savanna (Cerradões) and gallery forests
are associated with the highest and lowest portions of the relief, re-
spectively, dominated by substrates composed of rocks from the Aqui-
dauana Formation and Quaternary sediments.
2.2. Geological facies and definition of indicator species
First, an extensive survey of the vegetation strata (physiognomies)
was performed in the field using the physiognomic classification of the
Cerrado provided by Ribeiro and Walter (2008). This survey was aided
by previous analysis and photo-interpretation of images with 1m spa-
tial resolution. A stratification of the woody typologies and a selection
of sub-environments within each stratum were previously performed
for the physiognomic sampling. Only forest physiognomies were con-
sidered in this study. Ten plots of 20×60m and four transects of
5× 100m, perpendicular to the axis of oxbow lakes of the Mogi-Guaçu
river, were defined (Fig. 1). The plots were subdivided into three con-
tiguous subplots of 20× 20m, and transects were subdivided into 10
contiguous sampling units of 5× 10m. This process allowed for the
recognition and sampling of subtle variations in the physical environ-
ment, which can influence the distribution of species – essential in-
formation for the geobotanical analysis.
All individuals with a DBH (diameter at breast height; 1.3 m above
ground)≥ 5 cm were sampled. We recorded the DBH, the estimated
height (H), the geographical coordinates and the taxonomic identifi-
cation (Angiosperm Phylogeny Group - APG classification IV) for all
sampled woody individuals.
Sediments samples (weighing around 300 g) were collected at 2m
depth in the center of each sampling unit (n= 70) with the aid of an
auger. Grain size distributions were determined for the sediment sam-
ples and classified into seven classes from lower than 0.002mm to
2mm: clay, silt, very fine sand, fine sand, medium sand, coarse sand
and very coarse sand.
The Self-Organizing Map method (SOM; Kohonen, 1998) was ap-
plied to the field data using the SiroSOM software (CSIRO Mineral
Resources Flagship, Pullenvale, QLD, AU). Initially, the distributions of
the variables (grain size and presence/absence of species) were nor-
malized using a logarithmic function. Seed-vectors were randomly
distributed in the n-dimensional space defined by the input data, and
then trained through vector quantization and measurements of vector
similarity to represent the structure and patterns of the sampling units.
This training was performed using a two-step iterative process: com-
petition and cooperation. These steps were applied various times for
each sampling unit until the winning seed-vector represented the input
data in the best manner. The 2D output map has a key characteristic of
preservation of the relative topological relationships between the node
vectors. To assess the “effectiveness” of a SOM, two measures are cal-
culated: the average quantization error (qe), which is the average dis-
tance between each data vector and its best matching units (BMU,
nodes in the 2D maps); and the topographic error (te), the proportion of
all vectors for which the first and second BMUs of a given input sample
vector are not adjacent units on the map. These measures correspond to
the map resolution (qe) and topology preservation (te) respectively.
Principal component analysis and Spearman's ranked correlation (ρ)
were performed on the SOM BMU results, in order to analyze the re-
lationships between samples and variables, respectively. ρ is considered
significant when ≥|0.04|. Significant positive and negative values in-
dicate the occurrence of directly and inversely proportional relation-
ships between the variables, respectively. In order to validate those
correlations, Student's t-test probability values were generated and
analyzed. t-test values closer to zero indicate more symmetric dis-
tributions for a population. For the definition of the geo-environments
based on differing textural compositions, the SOM's PCA used the grain
size distributions in sediments from the 70 sampling units. The selection
of the species sampled exclusively in the defined geo-environments and
Fig. 1. Location of the study area and spatial distribution of the plots and transects whitin it. The ten plots and four transect subsamples composing the 70 studied
sample units are illustrated on the bottom left side of the image.
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their relationships with the textural sediment categories were achieved
through the SOM and ρ analyses, which were trained using grain size
distributions in sediments and data on the presence/absence of species
in the 70 sampling units.
2.3. Target-species discrimination
2.3.1. Leaf chemical and spectral data
Three individuals from each target species were selected for study,
and branches with sun leaves were collected at the upper canopy. The
spectral measurement, weighing and storage of the leaves occurred less
than 3 h after their collection in order to conserve their biochemical
characteristics. Five leaves were collected from the top to the bases of
the branches to include leaves of various ages, sizes and colors in the
analyses. Spectral measurements, fresh leaf weighing, and cold storage
for further biochemical analyses were done at the MGES base. These
procedures were carried out in the 2012 rainy and dry seasons.
A portion of the leaves was stored in paper bags and weighed in the
field. These bags were transported to the Pluridisciplinary Center for
Chemical, Biological and Agricultural Research (CPQBA) of the University
of Campinas (UNICAMP), where they were oven dried (40 °C–72 h) and
weighed again for water content measurement. Another portion was
stored in plastic bags and transported in an ice chest (0 °C to −10 °C) to
the Laboratory of Plant Physiology at UNICAMP. By using extraction
methods based on Holm (1954) and Updegraff (1969), concentrations
of chlorophylls a and b (μg/mg), carotenoids+ xanthophylls (μg/mg),
anthocyanin (Δ/mg); cellulose (mg/g), hemicellulose (mg/g) and in-
soluble lignin (%) were obtained.
Five leaves from each sampled individual had their reflectance
spectra collected with a FieldSpec® 3 Hi-Res (Analytical Spectral
Devices, Boulder, CO, US) radiometer. This spectrometer samples be-
tween 0.35 and 2.5 μm, with full width half maximum (FWHM) of 3 nm
(0.35–0.7 μm), 8.5 nm (0.7–1.4 μm) and 6.5 nm (~2.1 μm), and original
sampling interval of 1.4 (0.35–1.0 μm) and 2.0 nm (1.0–2.5 μm) re-
sampled to 1.0 nm in software (Analytical Spectral Devices, Boulder,
CO, US). The spectra were collected from the adaxial (upper) surface of
the leaves, excluding the central veins, by using a plant probe and a leaf
clip. Both instruments allow the collection of nadir measurements with
identical illumination conditions, and no atmospheric contamination. A
Spectralon panel (Labsphere Inc., Durham, NH, US) was used as a re-
flectance standard. The absolute reflectances were retrieved and the
offsets between sensors were corrected through USGS-PRISM software
routines (Kokaly, 2011). Only bands from 0.4 to 2.45 μm were retained
for processing due to the low signal-noise ratio of the bands located in
the beginning and in the end of the spectra (Fig. 2).
The VSWIR (0.4–2.45 μm) data were subdivided into spectral
ranges: visible (VIS; 0.4–0.7 μm), near-infrared (NIR; 0.7–1.3 μm) and
shortwave infrared (SWIR; 1.3–2.45 μm). These four sets of spectra had
their continuum removed (CR), in order to normalize for variation in
brightness and highlight the absorption features of each spectral in-
terval (Clark and Roush, 1984). Sixteen spectral libraries were gener-
ated for processing, taking into consideration two seasons, four spectral
subsets, and two different spectrum types: reflectance and normalized
(CR). Those spectral libraries are called here as: VSWIR, VSWIR(CR),
VIS, VIS(CR), NIR, NIR(CR), SWIR e SWIR(CR), from rainy (RS) and dry
(DS) seasons.
2.3.2. Crown spectral data
The ProSpecTIR – VS hyperspectral data (SpecTIR – Reno, NV, US/
FotoTerra – São Paulo, SP, Brazil) were obtained on June 8th, 2010 by a
two-sensor aerial system. The first sensor operates between 400 and
970 nm with spectral sampling interval of ~2.9 nm, and the second
between 970 and 2450 nm (~8.5 nm). Seventeen east-west image strips
were acquired at a nadir viewing, at an average height above the
ground of ~1350m. The strips are ~320m wide with a spatial re-
solution of 1m. Pre-processing steps included radiometric calibration,
reflectance retrieval, spectral enhancement, georeferencing, mo-
saicking, bad bands exclusion and non-vegetation features masking
were performed on the hyperspectral dataset, as described in Amaral
et al. (2015).
The pre-processed VSWIR (216 channels; 530 nm-2352 nm) dataset
had its CR and was subdivided into VIS-NIR1 (82 channels;
530–919 nm) and NIR2-SWIR (134 channels; 1141–2352 nm). Thus, six
different datasets were tested in spectral discrimination at the crown
scale: VSWIR and VSWIR (CR); VIS-NIR1 and VIS-NIR1(CR); NIR2-
SWIR and NIR2-SWIR(CR).
Geographic coordinates were collected from target-species in-
dividuals using a differential GPS. A differential system was required
due to the nature of the work: at the level of the individual tree crown –
ITC (Clark et al., 2005) in dense hyper-diverse canopies. The distance
between receivers (base and portable) was always lower than 4.5 km.
The antenna of the portable receiver was coupled to the extensible rod,
with a data transmission cable of 30m; it was raised to the canopy with
the aid of a tree-climber. The post-processed coordinates present pre-
cision higher than 1m.
In addition to the target-species classes (Table 1 and Fig. 3), eight
other classes of representative vegetation types on the landscape were
used for the crown scale spectral unmixing, as well as for the pixel-
based fraction mapping (Table 1). The reference data of the Cerradão
and Riparian Forest species classes were collected on crowns from non-
target species with the aid of plots and transects' shapefiles, where the
targets do not occur. The other classes had their coordinates collected
by a navigation GPS. Based on geographical location, image inter-
pretation and spectral analyses, polygons of up to 9m2 were obtained
from the crowns of interest making no distinction between sunlit and
shade pixels. The mean spectra of each polygon were extracted from the
six different images (VSWIR and VSWIR(CR); VIS-NIR1 and VIS-
NIR1(CR); NIR2-SWIR and NIR2-SWIR(CR)).
Fig. 2. Average leaf spectra from the target-species collected in both the rainy and dry season in the Mogi-Guçu Ecological Station, southeastern Brazil.
CABR= Calophyllum brasiliense Cambess.; CEFI= Cedrela fissilis Vell.; INVE= Inga vera Willd. subsp. affinis (DC.) T.D. Penn.; QUGR=Qualea grandiflora Mart.;
HAOC=Handroanthus ochraceus (Cham.) Mattos.
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2.3.3. Endmember selection
Endmembers (EMs) are spectra that better represent the analyzed
classes and are considered pure (Adams et al., 1993). For EM selection,
first, leaf spectral libraries were randomly divided into training and
validation libraries by considering a proportional limit of ~50% of
spectra for each spectral library (Roth et al., 2012). A threshold be-
tween – 0.05 and 1.05 was defined for EMs fraction (as in Dennison and
Roberts, 2003; Roth et al., 2012) and various Root Mean Square Error
(RMSE) thresholds were empirically tested, in order to achieve the
highest accuracy of spectral classification, on reflectance and CR data.
The first threshold tests were based on the literature (Dennison and
Roberts, 2003; Youngentob et al., 2011; Roth et al., 2012), being de-
fined for the target-species leaf spectra classification: RMSE≤ 3.5% for
reflectance data and RMSE≤ 7.5% for CR data.
Global crown spectral libraries were also subdivided into training
and validation libraries. An absolute limit of ten spectra per class was
defined for EM selection, in order to have a balanced training and to
preserve a reasonable amount of spectra for validation (Roth et al.,
2012). EM fraction threshold and maximum allowed RMSE were de-
fined for the datasets as follow: EM fraction from −0.05 to 1.05 and
RMSE≤ 2.5% for reflectance spectra, and from −0.01 to 1.01 and
RMSE≤ 6.5% for CR spectra.
The EM selection metrics Endmember Average RMSE (EAR;
Dennison and Roberts, 2003), Minimum Average Spectral Angle
(MASA; Dennison et al., 2004) and Count-Based Index (CoBIndex;
Roberts et al., 2003 and Clark, 2005) – jointly called EMC (Roberts
et al., 2007) – and the algorithm Iterative Endmember Selection (IES;
Schaaf et al., 2011) were tested on the training libraries. The class EMs
selected through EMC where those ones with the lowest EAR, the lowest
MASA, and the highest CoBIndex. Thus, one to three EM were selected
by EMC for each class.
The IES endmember selection was performed by using an Interactive
Data Language – IDL rotine (Schaaf et al., 2011; Roth et al., 2012). The
EM set was automaticaly selected by adding and subtracting spectra
from the EM set until the highest Kappa coefficient, during classifica-
tions with two EM, was achieved. When the procedure did not select at
least one EM for a certain class, the EM selected by EMC for this class
were inserted into the IES EM library, and it is called here IES* EM
library.
2.3.4. Multiple endmember spectral mixture analysis
Spectral Mixture Analysis (SMA) models spectra from a library as a
linear combination of pure spectra (EM), determining their relative
proportion within a mixed spectrum (Adams et al., 1993). While tra-
ditional SMA techniques allow only one EM per class, Multiple End-
member Spectral Mixture Analysis (MESMA) allows several types and
numbers of EMs per class, generating linear models from different sets
of EMs (Roberts et al., 1998). MESMA can be used as a classifier where
viable EM selections are assessed by whether they meet fraction con-
straints (typically −0.05 to 1.05) and fit constraints (RMSE≤ 2.5%, for
example). The technique is suitable for species-specific spectra classi-
fication, by surmounting within species (and crowns) spectral varia-
bility (Roth et al., 2012) as well as brightness variation between flight
lines when working with aerial imaging spectroscopy (Amaral et al.,
2015).
The validation libraries were classified by the EM spectral libraries,
by using MESMA with two EM IDL codes (Roberts et al., 2012) and the
thresholds defined for each data type (leaf and crown datasets). The
technique was performed on the target-species leaf datasets, on the
target-species crown datasets (Crown Spectral Analysis # 1), and on the
eleven landscape vegetation – including target-species – crown datasets
(Crown Spectral Analysis # 2).
Accuracies of the MESMA spectral modeling were analyzed through
Overall accuracy and Kappa coefficient metrics, and class accuracies
through Producer's and User's accuracies. Based on the assumption that
a commission error (expressed by the user's accuracy) of a class is
equally an omission error (producer's accuracy) of another class
(Congalton, 1991; Congalton and Green, 1999), pairwise analyses of the
spectral misclassification among species classes were performed.
2.3.5. Statistical analysis
In order to discriminate the target species chemically and to aid the
analyses on spectral discrimination at leaf and crown scales, the sig-
nificance of the variability in leaf traits was analyzed using one way
Table 1
Classes, initials and number of spectra extracted from each of the six images:
reflectance and continuum-removed VSWIR (530–2352 nm), VIS-NIR1
(530–919 nm) and NIR2-SWIR (1141–2352 nm) datasets, for performing the
different proposed analyses.
Spectral analysis # 2+pixel-based fraction mapping
Class Initial Number of spectra
Spectral analysis #1 Cedrela fissilis CEFI 22
Inga vera subsp. affinis INVE 31
Qualea grandiflora QUGR 28
Global libraries 81
Cerradão species CERspp 18
Citrus spp. CITspp 20
Dendrocalamus sp. DENDsp 20
Eucalyptus spp. EUCspp 20
Riparian forest species RIFOspp 28
Pinus spp. PINspp 20
Poaceae spp. POAspp 20
Sacharum spp. SACspp 20
Global libraries 328
Fig. 3. Average crown spectra from target species, plus
green vegetation (GV), non-photosynthetic vegetation
(NPV) and shade reference endmembers extracted from the
ProSpecTIR-VS image, in the Mogi-Guçu Ecological Station,
southeastern Brazil. CEFI= Cedrela fissilis Vell.;
INVE= Inga vera Willd. subsp. affinis (DC.) T.D. Penn.;
QUGR=Qualea grandiflora Mart.
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ANOVA (F test). We tested the null hypothesis that there were no sig-
nificant differences in leaf traits among the studied species within a
season and between seasons. We also tested whether the subdivision of
the leaf and crown spectra datasets into spectral ranges (and seasons for
leaf spectra), different data types (reflectance and CR spectra) and
endmember selection techniques (EMC and IES) influenced the spectral
misclassification among species and as a whole.
A Tukey test was performed on all datasets with statistically sig-
nificant variations at 5% of significance in one way ANOVA, in order to
compare the contrast among means of two different treatments. In this
test, the null hypothesis states that the mean value of the treatment i is
equal to the mean value of the treatment i′, with at least 5% of sig-
nificance. The studentized range (q) distribution for a certain level of
significance, the number of treatments, the degree of freedom of the
residue, and the mean square of the residue were used for the Minimum
Significant Difference (MSD) calculation.
2.4. Target-species fraction mapping
The pixel-based spectral modeling was based on the best results (the
highest and most balanced user and producer's accuracies for each
target species) obtained for each target-species class in the MESMA with
two endmember, using the eleven vegetation classes from the landscape
(Crown Spectral Analysis # 2). Each pixel was modeled by three end-
members (EMs): a target-species EM, other vegetation types EM, and
photometric shade, using ViperTools (Roberts et al., 2007). The EMs
selected for pixel-based modeling were those that correctly classified
the spectra of their own classes in the previous step (targe-species
discrimination at crown scale). Constraints of fraction threshold and
maximum allowed RMSE, previously defined, were kept for image un-
mixing.
The resulting unmixed images were shade normalized (Smith et al.,
1990; Dennison and Roberts, 2003) and evaluated at both crown
(n=247) and pixel (n= 1036) scales. Regions of interest defined for
extracting spectra from the images and composing the libraries of the
previous MESMA with two EM approach were used for that. When more
than one dataset or EM library provided high accuracy results for a
certain target-species, the best image and EM for its fraction mapping
was defined, at this moment, by its highest sub-pixel fraction abun-
dance within its individual's crowns. In order to optimize the target-
species fraction mapping, those unmixed images were classified into
two classes, by using as threshold the maximum sub-pixel abundance of
a certain target-species within a crown of another vegetation type.
3. Results
3.1. Geo-environments of the study area and their indicator tree species
Sediments from all 70 sampling units were analyzed (and clustered)
to define the geo-environments present in the study site. An average
quantization error of 0.644 and a topographic error of 0.0 were
achieved in the Self-Organizing Map, by setting a rough training with
20 interactions and a fine training with 400 iteractions. The component
plots, which indicate the contributions of each variable to the defined
nodes in the 2D space, revealed the spatial associations between the
textural classes in the 70 sampling units. It is possible to see dissim-
ilarities between nodes with high silt content and nodes with high
medium sand content, as well as between those nodes with high very
fine sand content and high coarse and very coarse sand contents
(Fig. 4). The U-matrix indicated similarities between nodes represented
by the Carboniferous units (at the bottom) and between Quaternary
sample units (at the top), as clusters in lower temperature colors (blues-
greens). These two geological sequences are clearly segregated by dis-
similar nodes, in higher temperature colors (reds-oranges), in the U-
matrix.
By applying PCA to the SOM component plots, the distribution of
the scores in the 2D space (PC1 and PC2) shows that there are four well-
defined geological facies, here called geo-environments (Fig. 5). Two of
these environments are associated with Quaternary sediments – Allu-
vial Deposits (I and II), and the other two are associated with the
Carboniferous rocks – Aquidauana Formation (III and IV), as follows:
floodplain (including cut-off channels deposits), with negative scores in
PC1 and positive scores in PC2 (I); (old) natural levee deposits and
point bar deposits, with negative scores in PC1 and in PC2 (II); hills and
plateaus, with positive scores in PC1 and PC2 (III); and hill edges (in-
cluding (old) eroded natural levees), with positive scores in PC1 and
negative scores in PC2 (IV). The scores of PC1, therefore, are negatively
associated with the Quaternary sedimentary deposits and positively
with the soils formed on the Aquidauana Formation.
These four main geo-environments are described below, according
to their geological soil data:
Geo-environment I. This zone features hydromorphic soils, poorly
drained with variable base saturation, consistent with different flooding
levels. The sediments are mainly pelitic (clay and silt) and possess an
insignificant to non-existent sand fraction. This geo-environment con-
stitutes the ordinary floodplain of the meandering river, including the
oxbow lakes that make up the lacustrine to fluvial systems during
floods. It occurs up to an elevation of 570m.
Geo-environment II. This geo-environment represents the deposits
from old levees, point bars and edges of the ordinary floodplain, where
the soils are better drained and the sediments consist mainly of silt, very
fine sand and fine sand fractions. Its boundaries characterize the edges
of the Quaternary sequence. It occurs up to an elevation of 573m (in
the east) and 570m (in the west).
Geo-environment III. This zone features deep, well-drained, mostly
dystrophic soils, with a texture dominated by fine, medium and coarse
sand fractions. This geo-environment is distinguished from the others
by the presence of fine and medium sand fractions and the low (to non-
existent) presence of silt, very fine and very coarse sand fractions in its
sediments. It occurs in the hills and plateaus on the Aquidauana
Formation and in the interfluvial regions. According to the normal level
of the riverbed (which runs from east to west in the area), this geo-
environment can occur above elevations of 573m (in the east) and
570m (in the west).
Geo-environment IV. These soils are shallower compared to the
other geo-environments, are well drained and, in addition to the clay
fraction, feature distinct medium, coarse and very coarse sand fractions.
It is distinguished from the other geo-environments by the significant
presence of coarse and very coarse sand fractions and the insignificant
to non-existent presence of the very fine sand and silt fractions. It oc-
curs in the steeper sloped regions on the edges of the Aquidauana
Formation, approximately between the elevations of 575 and 585m,
and includes the convex banks (and old banks) eroded via undermining
by the Mogi-Guaçu river.
Fig. 6 summarizes schematic cartography of the relief and drainages
(Fig. 6-A), the stratigraphy (Fig. 6-B), the vegetation physiognomies
(Fig. 6-C), and the geo-environments distribution (Fig. 6-D). In this last
figure, Geo-environment I is formed where the water flow rate is lowest,
locally producing lacustrine environments and depositing sediments
rich in clay and silt. Geo-environment II is characterized by point bars
facies and deposits of levees and old levees where the water flow rate is
higher and promotes the deposition of silt, very fine sand and fine sand
fractions (i.e., coarser fractions than those observed in Geo-environ-
ment I). Due to the map spatial resolution, the area defined as “Geo-
environment I and II” comprises mixed aspects of these environments.
Although four geo-environments (geological facies) were well de-
fined, only three were observed having species exclusively associated
with them. From the 114 species (1348 individuals) sampled across the
ten plots and 52 species (193 individuals) sampled in the four transects,
we found six species that had sampled individuals restricted to a certain
geo-environment, as follow:
Geo-environment I-a) Calophyllum brasiliense Cambess.: this species
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was observed only in the floodable cut-off channels within the riparian
forest. Sampled in high density in the sampling subunits P10-B, P10-C
and T1-H, this species exhibits a positive correlation with the silt
fraction of the sediments and a negative correlation with the fine sand,
medium sand, coarse sand and very coarse sand fractions (Table 2).
Geo-environment I-b) Inga vera Willd. Subsp. affinis (DC.) T.D.
Penn.: this species was observed in the sampling subunits P6-A, P6-B,
P10-B, P10-C, T1-E, T1-F, T1-I and T2-G. It occurs in the riparian forest
in seasonally flooded environments and is dense in certain pa-
leochannels. This species exhibits a positive correlation with the silt
fraction and a negative correlation with the fine sand, medium sand,
coarse sand and very coarse sand fractions (Table 2).
Geo-environment III-a) Qualea grandiflora Mart.: this common spe-
cies in the Cerrado was observed in the sampling subunits P1-A/B, P3-
A/B/C and P8-A/B/C (woodland savanna). This species exhibits a po-
sitive correlation with the fine and medium sand fractions of the sedi-
ments and a negative correlation with the silt fraction in the study area
(Table 2).
Geo-environment III-b) Handroanthus ochraceus (Cham.) Mattos: this
species is present only in Cerrado areas and was observed in the sam-
pling subunits P3-A and P8-A (woodland savanna), as well as in various
Cerrado regeneration areas. It shows a positive correlation with the fine
and medium sand fractions and a negative correlation with the silt
fraction (Table 2).
Geo-enviroment IV-a) Cedrela fissilis Vell.: this species is present in
the sampling subunits P7-C, T1-C, T1-D, T4-A, T4-B, T4-E, T4-J, as well
as in other areas in the SSF continuum, outside of the floodplain. It
exhibits a positive correlation with the very coarse, coarse, and medium
sand fractions and a negative correlation with the silt and fine sand
fractions of the sediments (Table 2).
Geo-enviroment IV-b) Zeyheria tuberculosa (Vell.) Bureau: this spe-
cies is present only in the riparian forest without fluvial influence
(upland) in the sampling subunits P7-A, P7-B, P7-C, T1-A and T4-C, as
well as in other unsampled areas that are still in the continuum of this
physiognomy. This species exhibits a positive correlation with the very
coarse and coarse sand and silt fractions and a negative correlation with
the silt and fine sand sediment fractions (Table 2).
Table 2 indicates that the species associated with geo-environment I
(C. brasiliense and I. vera subsp. affinis) exhibit a negative correlation
with the discriminating grain size fractions of geo-environments III and
IV (Aquidauana Formation). The species is associated with geo-en-
vironments III (Q. grandiflora and T. ochracea) and IV (C. fissilis and Z.
tuberculosa) and shows a negative correlation with the discriminating
fractions of geo-environments I and II (silt for geo-environment I and II
and very fine sand for geo-environment II). The near zero value of the
Student's t-test indicates that the sampled population has a normal
distribution.
3.2. Target-species discrimination
3.2.1. Leaf traits variation
The null hypothesis, which states the absence of leaf trait variations
between target-species was rejected for all leaf pigments and accepted
for leaf structural compounds and water (α=0.05), with the exception
of cellulose (rejected at 0.1% of significance), for the rainy season's
dataset. However, when analyzed the leaf traits from the dry season
collection, only carotenoids+ xanthophyll content did not present
variations (α=0.05) between target-species (Table 3).
The mean values of hemicellulose (α=0.01) and insoluble lignin
and water (α=0.05) content, from each target-species, also showed
Fig. 4. Component plots of the contributions of the grain size fractions to the formation of the nodes in the Self-Organizing Map and U-matrix (unified distance
matrix) representation. These results summarize the structure of the data in the 70 sampling units in 2D representations. The color-temperature scale for the seven
components (variables) is scaled across the range of input values from low (blue) to high values (red) in percentage. The U-Matrix map shows the distance between
neurons in the input space and is also coded using a color-temperature scale: lower temperature colors (blues-greens) indicate similarity between adjacent nodes (as
clusters), and higher temperature colors (reds-oranges) indicate dissimilarity (clusters separators). (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)
Fig. 5. Distribution of the scores of the grain size fractions of sediments among
the principal components (PC1 and PC2), and the main geo-environments of the
Mogi-Guaçu Ecological Station, Brazil.
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statistically significant variations between seasons. While insoluble
lignin and water contents decreased from the rainy to the dry seasons
(60.26% to 18.95% and 38.49% to 24.25%, respectively), hemi-
cellulose contents increased significatively (from 4.42% to 7.83%).
Within all leaf traits, those that had variations with at least 0.1% of
significance are highlighted in the biochemical discrimination of the
target-species. HAOC had the highest average content of chlorophyll a
in the rainy season (Fig. 7-A), which is statistically significantly
(α=0.01) higher than those observed for all other target-species. For
the other four species, the chlorophyll a content did not present sig-
nificant contrasts. INVE leaves had anthocyanin content higher than the
other four species (α=0.05 in comparison to QUGR, and α=0.01 to
the other species), while the QUGR anthocyanin content was higher
(α=0.05) in comparison to the values obtained from CABR, CEFI and
HAOC leaves (Fig. 7-B). In the rainy season, HAOC and CABR had the
highest cellulose content, being HAOC values higher (α=0.05) than
CABR values (Fig. 7-C). TAOC cellulose content was higher (α=0.01)
than the content in CEFI, INVE, and QUGR. Cellulose in CABR leaves
was higher than in leaves from CEFI (α=0.05), and from QUGR and
INVE (α=0.01), respectivetely.
When analyzing the target-species leaf traits from the dry season,
variation in hemicellulose, insoluble lignin, and water content is
highlighted. Hemicellulose content is lower (α=0.01) in INVE leaves
than in the other four species' leaves. While QUGR and HAOC are
considered indicators of the same geo-environment – interfluvial hills
and plateaus of the Aquidauana Formation –, QUGR had lower hemi-
cellulose content (α=0.05) than HAOC in the drought period (Fig. 7-
D). A different behavior was observed among these species when ana-
lyzing the insoluble lignin content (Fig. 7-E). Both species had lower
Fig. 6. Schematic 2D and 3D visualization of the spatial distribution of the elevation and drainage lines (A), local geology (B), vegetation physiognomies (C), and geo-
environments (D) of the study area.
Table 2
Significant Spearman's coefficients (ρ) between species and sediments grain
sizes.
Positive correlation Negative correlation
Parameter ρ t-Student Parameter ρ t-Student
Calophyllum brasiliense
Silt 0.709 0.000 Fine sand −0.727 0.000
Medium sand −0.624 0.000
Coarse sand −0.583 0.000
Very coarse sand −0.416 0.006
Inga vera subsp. Affinis
Silt 0.688 0.000 Fine sand −0.656 0.000
Medium sand −0.626 0.000
Coarse sand −0.614 0.000
Very coarse sand −0.491 0.001
Qualea grandiflora
Fine sand 0.660 0.000 Silt −0.485 0.001
Medium sand 0.583 0.000
Handroanthus ochraceus
Fine sand 0.634 0.000 Silt −0.483 0.001
Medium sand 0.568 0.000
Cedrela fissilis
Very coarse sand 0.796 0.000 Silt −0.632 0.000
Coarse sand 0.737 0.000 Very fine sand −0.558 0.000
Medium sand 0.503 0.001
Zeyheria tuberculosa
Very coarse sand 0.917 0.000 Very fine sand −0.619 0.000
Coarse sand 0.720 0.000 Silt −0.547 0.000
Clay 0.576 0.000
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concentrations of structural compounds in comparison to the other
target-species (α=0.01), without statistically significant variation
(α=0.05) among themselves. Lignin content was also lower
(α=0.05) in CEFI than in CABR leaves. HAOC water content was
statistically lower (α=0.01) than the content in the QUGR, CABR,
INVE and CEFI leaves, respectively, in the dry season (Fig. 7-F). In
addition, CEFI presented lower water content than QUGR, CABR
(α=0.01) and INVE (α=0.05); and INVE lower than QUGR
(α=0.05).
3.2.2. Spectral discrimination at leaf scale
The target-species classification using VSWIR reflectance spectra
and EMs selected using IES had the highest overall accuracy (90.0%)
and Kappa coefficient (0.875) for the rainy season. The worst results
were the classifications based on CR VIS spectra, independent of the
metric used for EM selection (50.0% e 0.375). For the dry season, the
highest overall accuracy (85.0%) and Kappa coefficient (0.814) were
obtained when classifying CR VSWIR data with EM selected via EMC.
The target-species spectral discrimination in the dry season was worse
when using CR VIS and NIR datasets with EM selected via EMC; both
classifications presented the lowest accuracies (42.5% 0.294).
For both rainy and dry seasons, statistically significant differences
(α=0.05) were not observed between classification accuracies per-
formed: on various spectral ranges (VIS, NIR, SWIR e VSWIR), of CR or
reflectance spectra, and also by using EM selected by different metrics
(i.e. EMC, IES (IES*)). While the highest accuracy was achieved for the
dataset from the rainy season, the second and third ones were achieved
for data from the dry season. Statistically significant (α=0.05) varia-
tions between classification accuracies using datasets from both seasons
(rainy vs. dry) were not observed, even when analyzing the different
spectral ranges separately.
By considering the highest producer's (PA) and user's (UA) ac-
curacies from each target-species class, CABR, CEFI and QUGR were
better discriminated with datasets from the rainy season (SWIR/IES*
for CABR and QUGR, and VSWIR/IES for CEFI). INVE and HAOC were
better discriminated when using CR VSWIR data and EM selected via
EMC, from the dry season (Table 4). However, only HAOC had statis-
tically significant variability (α=0.05) between class-specific ac-
curacies from classifications performed on data of both seasons. While
this class had an average user's accuracy of 93.75% in the dry season, in
the rainy season it was of 72.98%. In the rainy season, more spectra
from other target-species were erroneously assigned to the HAOC class.
There are no statiscally significant (α=0.05) variations between class-
specific accuracies from different spectral ranges, at both seasons.
Spectral discrimination errors between pairs of target-species were
significant (α=0.05) only when analyzing spectra from the dry season.
The highest misclassification was observed for CEFI & QUGR (14.10%
of their spectra) followed by CABR & QUGR (12.53%). There were no
observed misclassifications between INVE & HAOC and QUGR & HAOC.
The misclassification rates of species pairs did not variate, significantly
at α=0.05, between classifications performed on datasets from the
rainy and from the dry seasons.
3.2.3. Spectral discrimination at crown scale
The highest classification accuracy between the three target-species
addressed at the crown scale –CEFI, INVE and QUGR; each one re-
presentative of a different geo-environment – was achieved by using CR
VSWIR dataset and EMs selected using IES (overall accuracy= 70.59%
and Kappa coefficient= 0.551). Although we observed differences be-
tween the overall accuracy averages achieved when classifying VSWIR
(63.24, σ=5.94), VIS-NIR1 (62.75, σ=5.72), and NIR2-SWIR (50.00,
σ=8.55) datasets, their variations were not statistically significant at,
at least, 5% of significance. This was also observed when considering
the variations between classifications performed with: reflectance or CR
spectra and EM selected using EMC or IES metrics.
Cedrela fissilis (CEFI) and Inga vera subsp. affinis (INVE) were better
discriminated when classifying VIS-NIR1 reflectance spectra: the first
one with an EM selected via EMC (producer's accuracy: PA=66.67%;
and user's accuracy: UA=88.89%), and the second one with an EM
selected via IES (PA=80.95% and UA=89.47%). Qualea grandiflora
(QUGR) had the highest and most balanced class-specific accuracies
(PA=72.22% and UA=68.42%) when discriminated with CR VSWIR
dataset and EM selected via IES. Only the UA metric variated between
target-species classes (α=0.05), between INVE and QUGR particu-
larly. While INVE showed average of UA equal to 69.18%
(σ=12.60%), QUGR showed 56.93% (σ=10.02%). There were no
statistically significant variations of PA and UA obtained by the target-
species classes in classifications performed on various spectral ranges
datasets, and with reflectance or CR spectra.
The spectral misclassifications were statistically different between
the pairs of species: CEFI & INVE and CEFI & QUGR, in both VIS-NIR1
and VSWIR datasets classifications (Fig. 8). By using VIS-NIR1 dataset,
an average of 7.58% (σ=8.02%) CEFI & INVE validation spectra were
erroneously classified between them, while an average of 24.17%
(σ=9.57%) CEFI & QUGR validation spectra were confused among
themselves. In the VSWIR dataset classifications the misclassification
rate averages for CEFI & INVE was 11.36% (σ=3.81%), and for CEFI &
QUGR was 20.83% (σ=4.19%).
3.2.4. Spectral discrimination at crown scale including other vegetation
classes
The most accurate classification of the eleven vegetation classes –
which are representative of the landscape and include the target-species
– was achieved with the CR VSWIR dataset and EMs selected using IES
(overall accuracy=45.26% and Kappa coefficient= 0.397). There
were no significative differences (α=0.05) between MESMA with two
EM performance, either varying the spectral ranges, types of spectra,
and EM selection metrics.
Table 3
Null hypothesis tests (ANOVA/F test), where H0 states the absence of leaf traits variation between target-species, for both rainy and dry seasons.
Leaf trait Rainy season Dry season
H0 p-Value H0 p-Value
Chlorophyll a (μg/mg) Rejected⁎⁎⁎ 3.73e−04 Rejected⁎ 1.46e−02
Chlorophyll b (μg/mg) Rejected⁎ 2.20e−02 Rejected⁎⁎ 8.01e−03
Carotenoids+ xanthophyll (μg/mg) Rejected⁎ 3.07e−02 Accepted⁎ 5.34e−02
Anthocyanin (Δ/mg) Rejected⁎⁎⁎ 2.14e−04 Rejected⁎⁎ 2.06e−03
Cellulose (mg/g) Rejected⁎⁎⁎ 9.05e−05 Rejected⁎⁎ 8.37e−03
Hemicellulose (mg/g) Accepted⁎ 1.24e−01 Rejected⁎⁎⁎ 3.81e−04
Insoluble lignin (%) Accepted⁎ 6.52e−02 Rejected⁎⁎⁎ 7.28e−06
Water (%) Accepted⁎ 1.92e−01 Rejected⁎⁎⁎ 8.71e−06
⁎⁎⁎ F significative at 0.1% of probability.
⁎⁎ F significative at 1% of probability.
⁎ F significative at 5% of probability.
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PA was lower (α=0.05) for the CEFI class than for INVE and QUGR
classes; such difference was not observed for the UA achieved by those
classes. PA values from INVE class were different (α=0.05) troughout
spectral ranges; this class achieved PA average of 57.14% (σ=12.29%)
in VSWIR, 44.05% (σ=14.22%) in NIR2-SWIR, and 25.0%
(σ=9.02%) in VIS-NIR1 datasets classifications. In contrast, CEFI class
presented higher (α=0.05) PA values in classifications based on CR
spectra (30.56, σ=16.39%) than in raw reflectance spectra (11.11%,
σ=12.55%). The highest and most balanced PA and UA differed
between the target-species classes, as shown in the Table 5.
3.3. Target-species fraction mapping
QUGR sub-pixel fraction was the most accurately modeled among
the target-species. However, its average fraction abundance was lower
within its validation pixels (0.53, σ=0.23) and crowns (0.52,
σ=0.24) than the average fraction of CEFI within CEFI validation
pixels and crowns (0.58, σ=0.23, and 0.57, σ=0.21) and than INVE
Fig. 7. Target-species leaf traits variations, at 0.1% of significance: chlorophyll a (μg/mg) (A), anthocyanin (Δ/mg) (B) and cellulose (mg/g) (C), from the rainy
season; and hemicellulose (mg/g) (D); insoluble lignin (%) (E) and water (%) (F), from the dry season. The lower and upper edges of the boxes indicate the interval
between 25 and 75% of the data distribution. The horizontal lines outside the boxes indicate the minimum and maximum values of the dataset that were not outliers.
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average fraction within its validation pixels and crowns (0.62,
σ=0.22, and 0.62, σ=0.19). In contrast, excluding outliers, the
maximum QUGR sub-pixel fraction observed within pixels and crowns
from other vegetation types' classes was always lower than 0.49 and
0.45, respectively. This corroborates the absence of commission errors
for QUGR class observed in the previous section. It was not observed for
CEFI and INVE classes, which presented high abundance (≥0.50) of
their fractions within other vegetation types' crowns as at pixel scale
(for six and seven classes respectively) as at crown scale (for two and
four classes respectively) (Table 6).
To avoid any erroneous target-species mapping (i.e. to exclude
possibilities of commission errors), we used the maximum (outliers)
Table 4
Producer's (PA) and user's (UA) accuracies, in percentage, for each target-species class, reached in the most accurated classifications per spectral range (VSWIR, VIS,
NIR, SWIR) and season (rainy and dry). CABR= Calophyllum brasiliense. CEFI= Cedrela fissilis. INVE= Inga vera subsp. affinis. QUGR=Qualea grandiflora
HAOC=Handroanthus ochraceus. VSWIR=Visible to shortwave infrared. VIS=Visible. NIR=Near infrared. SWIR= Shortwave infrared. CR=Continuum-re-
moved. IES= Interative Endmember Selection method. EMC=EAR-MASA-CoB metrics for endmember selection.
Dataset/metric CABR CEFI INVE QUGR HAOC
PA UA PA UA PA UA PA UA PA UA
Rainy season
VSWIR/IES 87.5 87.5 87.5 87.5 100.0 88.9 75.0 100.0 100.0 88.9
SWIR/IES* 87.5 100.0 12.5 50.0 100.0 66.7 100.0 100.0 100.0 72.7
NIR/IES 62.5 83.3 100.0 66.7 75.0 85.7 37.5 75.0 87.5 63.6
VIS/IES 87.5 87.5 62.5 62.5 100.0 72.7 50.0 80.0 50.0 66.7
Dry season
VSWIR(CR)/EMC 87.5 70.0 75.0 85.7 100.0 100.0 62.5 83.3 100.0 100.0
SWIR(CR)/IES 87.5 87.5 62.5 100.0 100.0 88.9 87.5 70.0 87.5 87.5
NIR(CR)/IES 75.0 85.7 62.5 55.6 75.0 66.7 62.5 55.6 75.0 100.0
VIS/IES 62.5 100.0 75.0 50.0 50.0 80.0 62.5 55.6 87.5 87.5
Fig. 8. Misclassification rates between pairs of target-species: Cedrela fissilis (CEFI), Inga vera subsp. affinis (INVE) and Qualea grandiflora (QUGR), observed in crown
spectra classifications of VIS-NIR1, NIR2-SWIR e VSWIR datasets. The lower and upper edges of the boxes indicate the interval between 25 and 75% of the data
distribution. The horizontal lines outside the boxes indicate the minimum and maximum values of the dataset that were not outliers.
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target-species fraction abundances observed within a crown of other
vegetation type to slice and classify the target-species fraction images
into target-species pixels and other vegetation type pixels. The max-
imum outliers were 0.79 of CEFI fraction within a QUGR crown, 0.82 of
INVE fraction in POAspp canopy, and 0.62 of QUGR fraction within a
EUCspp crown. Thus, pixels classified as CEFI are those with> 80% of
its fraction, as INVE those pixels with at least 85% of its fraction, and as
QUGR those ones with>65% of its fraction (Fig. 9). It is important to
highlight the spatial distribution of QUGR fraction in its majority on the
Aquidauana Formation sequence, enhancing the geological contact
(zoom (inset) in Fig. 9).
4. Discussion
Discussion regarding target species spectral discrimination at dif-
ferent levels, such as leaf, crown and pixel, are presented in Sections
4.1, 4.2 and 4.3, respectively. In Section 4.3, we discuss our pixel-based
fraction mapping of tree species that we previously selected in the field
as geological indicators. Geobotany research perspectives for future
Earth Observing Missions are highlighted as well.
4.1. Leaf level analyses
Classifications accuracies within several spectral ranges were si-
milar between rainy and dry seasons. More accurate classifications
using VIS, NIR and VSWIR datatasets classifications were obtained with
spectra from the rainy season. Superior classification results using SWIR
datasets were obtained with spectra from the dry season. These ob-
servations match with significant variation in leaf pigments (excluding
chlorophyll b) and cellulose, and the absence of hemicellulose, in-
soluble lignin and water content differences between species in the
rainy season. Those compounds (hemicellulose, insoluble lignin and
water), which interact with the infrared energy, only varied between
species in the dry season (α=0.001). They were the unique leaf traits
that variated significantly between seasons.
The set of target-species was well discriminated in both seasons.
Considering the best classification results per spectral range, user and
producer's accuracies were higher than 87.5%. This fact seems to be
related to the high leaf chemical variation among species, indicating
different physiological behaviors between them during the wet and
drought periods. Castro-Esau et al. (2006) and Hesketh and Sánchez-
Azofeifa (2012) have observed similar results between species with
several habitats in dry and rainy Neotropical forests in North and
Central America.
Distinct spectral and chemical patterns were not found among in-
dicator species of the same geological facies. Thus, even if the pairs of
species CABR & INVE, and QUGR & HAOC, which are associated to the
same edaphic conditions, are considerated groups of distinct functional
types (Lavorel et al., 1997; Reich et al., 2003); they do not represent
different groups chemically and spectrally. An exception was observed
for insoluble lignin content in the dry season. It was statistically lower
in leaves from both QUGR and HAOC, which originated from Cerrado
and are considered indicators of the hills and plateaus of the Aqui-
dauana Formation, than in leaves from CABR, CEFI and INVE, which
originated from the Seasonal Semi-deciduous Forest and occur in the
Riparian Forests (upland and lowland). This result contrasts with ob-
servations by Asner (1998), who found various lignin and cellulose
contents within Cerrado species in central Brazil. Asner et al. (2009)
studied chemical and spectral properties of Australian tropical tree
species along an altitudinal gradient with different substrates. They
observed tendencies of higher specific leaf area, water, chlorophyll a
and carotenoids at the lower elevation sites. Leaf chemistry was related
to leaf spectra, and the high spectral variability was found to be driven
at the species level.
The rates of misclassification between pairs of species were sig-
nificant only in the dry season. QUGR & CEFI had the highest mis-
classification (14.10% of their spectra), followed by QUGR & CABR
(12.53%). Note that each one is representative of a different geo-en-
viroment. Based on overall results from the leaf scale analyses, we could
conclude that pairs of indicator species, considerated as distinct func-
tional types, do not constitute distinct optical types. This fact has been
discussed in the literature, indicating that the energy usage is more
likely related to species' strategies than to functional groups (e.g., Roth
Table 5
Best producer and user's accuracies for the target-species classes (CEFI, INVE
and QUGR) achieved in the Multiple Endmember Spectral Mixture Analyses
with eleven vegetation classes. CEFI= Cedrela fissilis. INVE= Inga vera subsp.
affinis. QUGR=Qualea grandiflora. VSWIR=Visible to shortwave infrared.
CR=Continuum-removed. IES= Interative Endmember Selection method.
EMC=EAR-MASA-CoB metrics for endmember selection.






INVE VSWIR/IES and EMC 71.43 and 61.90 48.39 and 59.09
QUGR VSWIR(CR)/EMC 61.11 100.00
Table 6
Percentage of modeled pixels (%MP) and crowns (%MC) in the MESMA images unmixing and mean values (X ) (standard deviation (σ)) of the target-species fractions
within class validation samples. VSWIR=Visible to shortwave infrared image. CR=Continuum-removed image. IES= Interative Endmember Selection method.
EMC=EAR-MASA-CoB metrics for endmember selection. CEFI= Cedrela fissilis. INVE= Inga vera subsp. affinis. QUGR=Qualea grandiflora.
Class VSWIR(CR)/IES VSWIR/IES VSWIR(CR)/EMC
%MP %MC CEFI fraction %MP %MC INVE fraction %MP %MC QUGR fraction
Pixel Crown Pixel Crown Pixel Crown
X (σ) X (σ) X (σ) X (σ) X (σ) X (σ)
CEFI 100.0 100.0 0.58 (0.23) 0.57 (0.21) 100.0 100.0 0.38 (0.19) 0.37 (0.18) 96.8 100.0 0.22 (0.15) 0.24 (0.14)
CERspp 96.3 100.0 0.39 (0.19) 0.38 (0.16) 94.4 95.0 0.35 (0.22) 0.34 (0.19) 81.5 70.0 0.22 (0.18) 0.22 (0.14)
CITspp 87.0 100.0 0.27 (0.18) 0.25 (0.14) 89.0 100.0 0.28 (0.24) 0.27 (0.20) 49.0 100.0 0.21 (0.17) 0.18 (0.12)
DENDsp 100.0 100.0 0.36 (0.18) 0.36 (0.13) 96.3 100.0 0.47 (0.16) 0.47 (0.08) 99.1 100.0 0.19 (0.12) 0.19 (0.06)
EUCspp 100.0 100.0 0.21 (0.14) 0.21 (0.09) 100.0 100.0 0.25 (0.17) 0.26 (0.13) 99.0 100.0 0.29 (0.20) 0.29 (0.16)
INVE 100.0 100.0 0.35 (0.18) 0.35 (0.14) 100.0 100.0 0.62 (0.22) 0.63 (0.19) 100.0 100.0 0.24 (0.16) 0.25 (0.14)
RIFOspp 91.3 95.0 0.32 (0.21) 0.31 (0.17) 95.3 95.0 0.29 (0.20) 0.29 (0.17) 66.1 60.0 0.18 (0.14) 0.17 (0.11)
PINspp 78.2 100.0 0.16 (0.10) 0.16 (0.07) 92.0 100.0 0.27 (0.21) 0.27 (0.18) 44.8 96.4 0.17 (0.13) 0.16 (0.08)
POAspp 100.0 96.4 0.31 (0.21) 0.31 (0.16) 93.1 100.0 0.37 (0.27) 0.36 (0.27) 90.1 78.6 0.27 (0.14) 0.27 (0.12)
QUGR 100.0 100.0 0.43 (0.18) 0.43 (0.16) 98.7 100.0 0.33 (0.21) 0.33 (0.17) 96.2 95.0 0.53 (0.23) 0.52 (0.24)
SACspp 100.0 100.0 0.22 (0.16) 0.22 (0.11) 100.0 100.0 0.31 (0.19) 0.31 (0.15) 90.6 100.0 0.20 (0.13) 0.19 (0.09)
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et al., 2016). Thus, when a geobotany map at individual tree crown
level is desired, investigators must take into account the fact that in-
dicator species from various geological facies might present higher
misclassification rates than those observed between species associated
to the same geological environment.
4.2. Crown level analyses
Spectral discrimination at crown scale between three target-species
– CEFI, INVE and QUGR, each one an indicator of a different geological
facies – was found to be dependent on the inter-specific interactions
with the incident light at the VIS-NIR1 (530–919 nm) spectral region.
Chlorophylls and other pigments absorption features, as well as leaf
(external and mesophyll structures) and crown (leaf area index and leaf
angle distribution) scattering are responsible for spectral variations in
visible-near infrared regions. Thus, phenological changes related to leaf
senescence and abcision are found to be critical for the target-species
discrimination at the imagery date, in the beginning of the dry season.
However, while CEFI and INVE were better discriminated when using
reflectance VIS-NIR1 spectra, QUGR was better discriminated by CR
VSWIR spectra.
As observed at leaf scale, CEFI & QUGR had the highest mis-
classification rates at the crown scale, in both VIS-NIR1 and VSWIR
(530–2352 nm) datasets spectral mixture analyses. While INVE (asso-
ciated to quaternary sediments) is evergreen, CEFI and QUGR (asso-
ciated to different facies of the Aquidauana Formation) are deciduous
species. In addition, INVE leaves had higher chlorophyll a and b con-
centrations during the dry season in comparison to CEFI (ratios of 2.18
for chloro a and 1.98 for chloro b) and QUGR leaves (2.59 and 2.75,
respectively); and its compound leaves have a winged petiole – which
provides a greater photosynthetic area within its crowns. CEFI, which is
deciduous, display crowns of various shapes with discontinuities. Its
leaf fall is concentrated between May and July (Santos and Takaki,
2005), when the images were acquired. Thus the spectral difference
among these species at the crown scale is contrasting: INVE spectra
stand out for high green vegetation fraction (GV) and low non-photo-
synthetic vegetation (NPV) and shade while CEFI crowns had higher
NPV and shade fractions (see Fig. 3). QUGR, also deciduous, usually
experiences leaf turnover at the end of the dry season (e.g., Lenza and
Klink, 2006; Silvério and Lenza, 2010). The highest water content, as
well as the lowest insoluble lignin content in its leaves in the dry season
might explain its better discrimination when using VSWIR than only
VIS-NIR1 datasets. The water content ratios between QUGR and INVE
and between QUGR and CEFI are of 1.31 and 1.79, and the lignin
content ratios are of 0.71 and 0.65, respectively.
As observed in other investigations on species classification (e.g.,
Castro-Esau et al., 2006; Hesketh and Sánchez-Azofeifa, 2012), the
overall accuracy from MESMA decreased (25.33%) when including
more vegetation classes in the analyses. The inclusion of classes with
several species (non-specific classes), such as native and non-native
grasses (POAspp), other species from Cerradão (woodland savanna
(CERspp)) and Riparian Forest (RIFOspp), also contributed for the in-
crease of within-class spectral variability increases, decreasing the
overall and class-specific accuracies. Only QUGR showed satisfactory
class-specific accuracies when the additional eight classes of vegetation
were included in the analyses, indicating that in the landscape there are
Fig. 9. Spectral fractions of Cedrela fissilis (CEFI – in green,≥0.80), Inga vera subsp. affinis (INVE – in blue,≥0.85) and Qualea grandiflora (QUGR – in red,≥0.65), at
the Mogi-Guaçu Ecological Station, São Paulo State, Brazil. Schematic geological contact, delineated at a scale of 1:10.000. Upright picture is a zoom where a
geological contact can be delineated with the aid of the indicator species' fraction distribution. (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)
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other vegetation types more spectrally similar to INVE and CEFI than to
QUGR. It is important to highlight the absence of user's error for that
last species class when MESMA was applied on CR VSWIR data using
EM selected via EMC metrics.
The importance of the phenological stage in species discrimination –
also supported by Hill et al. (2010) in a temperate deciduous forest and
by Madonsela et al. (2017) in an African tropical savanna – indicates
that each target-species will be better recognized in a particular season,
and using various spectral ranges. Multitemporal approaches are re-
commended in further GbRS studies at individual tree crown level.
4.3. Indicator species mapping
The highest misclassification observed for CEFI & QUGR, previously
found at both leaf and crown scales, was also observed at the pixel scale
(after image unmixing). QUGR was the class that had the highest mean
value of CEFI fraction sub-pixel abundance (0.43, in both pixel and
crown validation samples), excluding the CEFI class. DENDspp was the
class with highest INVE sub-pixel fraction (0.47, in both pixel and
crown validation samples), excluding the INVE class; as INVE,
DENDspp also stands out for high GV and low NPV and shade fractions
(Amaral et al., 2015). The mean value of QUGR fraction sub-pixel
abundance within pixels and crowns of other classes was always lower
than 0.29.
CEFI is rare and had its fraction mapping influenced by brightness
differences between flight lines. By contrast, INVE is dominant in the
landscape. However, it might occur outside of the Alluvial Deposits
sequence, where localized variations in micro-topography can lead to
pelitic sediments deposition. These aspects, which were identified at
this stage only, after fraction mapping, hindered satisfactory geobota-
nical relationships when analyzing CEFI and INVE fraction maps. There
is a virtual absence of pixels classified as QUGR in the lowland domi-
nated by quaternary sediments, except an important concentration at
the westernmost region of the study area. This exception is likely more
related to imperfections of the schematic geological contact delineation
than to the hypothesis that assumes QUGR is an indicator of the hills
and plateaus of the Aquidauana Formation, and to the image unmixing
as well. We were not able to visit that region in the field, and so the
contact has been delineated with the aid of a topographic chart
(1:10.000). In constrast, the QUGR distribution was able to highlight
some portions of the Aquidauana Formation edges, which might sup-
port local geological mapping. Qualea grandiflora (QUGR) is therefore
considerated an efficient geobotanical indicator species of the hills and
plateaus of the Aquidauana Formation in the study area – geological
facies with distinct fractions of fine and medium sand in its sediments.
The pixel-based fraction mapping allowed us to conclude that only
species with random and broad spatial distribution, but restricted to
one geological facies, and with singular spectral behavior are able to be
mapped using high spatial resolution hyperspectral images. Although
intra-specific spectral variations constitute an important technique for
geobotanic prospection in vegetated areas, when working with in-
dicator species – which are adapted to their habitat and presented
various phenological strategies – intra-specific spectral homogeneity
and inter-specific spectral distinction (Castro-Esau et al., 2006) are key
for geobotanical mapping in hyperdiverse forest formations, as the
Neotropical ones.
It is worth mentioning that other classification techniques, as well as
other remote sensing products, must be tested in further GbRS studies at
individual tree crown level. In addition to the use of a multi-temporal
approach (e.g., Somers and Asner, 2013) or techniques that have
proven more accurate than MESMA (e.g., Somers and Asner, 2014),
prior object segmentation has resulted in increased accuracy in auto-
mated species mapping in Neotropical hyperdiverse canopies (eg, Clark
et al., 2005; Ferreira et al., 2016). Hyperspectral and LiDAR data fusion
has also shown notable results on tropical species mapping (e.g., Colgan
et al., 2012; Baldeck et al., 2014; Baldeck et al., 2015). As an example,
Baldeck et al. (2014) mapped> 500,000 tree and shrub crowns in a
South African savanna with an accuracy of 76%, by using Hi-FIS
(384.8–1054.3 nm) and LiDAR data. The authors observed that nine
species, including the seven most common in the landscape, are asso-
ciated to topographic variables. They also clustered the species into
communities, and found that 21.2% of the variations in species com-
position can be explained by topography. Nevertheless, the authors
concluded that other soil-related factors might control the distribution
of those species communities.
At the community level, Neotropical phytophysiognomies' dis-
tribution may also express the underlying geologic variation, and this
poses a new research perspective for future Earth Observing Missions'
applications. In addition to the HyspIRI (Hyperspectral Infrared Imager)
and EnMap (Environmental Mapping and Analysis Program) hyper-
spectral missions, GEDI (Global Ecosystem Dynamics Investigation
Lidar), ECOSTRESS (ECOsystem Spaceborne Thermal Radiometer
Experiment on Space Station), and FLEX (Fluorescence Explorer) mis-
sions must be explored in GbRS studies.
Future research efforts should also focus on how transferable are the
results found here between areas, and how this GbRS methodology is
suitable for geological delineation in larger terrains.
5. Conclusions
Our work shows the possibility to aid geological mapping through
field selection, spectral discrimination and hyperspectral pixel-based
mapping of indicator tree species in a heavily vegetated Neotropical
landscape.
At the study site in southeastern Brazil, the set of target-species was
well discriminated at leaf level in both rainy and dry seasons (90.0%
and 85.0% of global accuracy, respectively). User and producer's ac-
curacies were higher than 87.5% for all target-species. This fact seems
to be related to the high leaf chemical variation among species, in-
dicating different physiological strategies between them. Pairs of spe-
cies associated to the same edaphic conditions, in general, do not
constitute unlike chemical and spectral groups. An exception is ob-
served when leaf insoluble lignin content is analyzed; it distinguishes
the indicator species of the hills and plateaus of the Aquidauana
Formation from the others in the dry season. We observed that classi-
fications with higher accuracy based on VIS, NIR and VSWIR datatasets
were obtained with leaf spectra from the rainy season. Using SWIR
datasets exclusively, the classification results with higher accuracy are
from data collected in the dry season. Such observations match with
significant variation in leaf pigments (excluding chlorophyll b) and
cellulose in the rainy season and with hemicellulose, insoluble lignin
and water (which interact with the infrared energy) in the dry season.
The crown scale spectral discrimination between three target-spe-
cies, each one an indicator of a different geological facies, was found to
be commonly dependent on the inter-specific interactions with the in-
cident light at the VIS-NIR1 (530–919 nm) spectral region (reaching an
overall accuracy of 70.6%). While two of the species (Cedrela fissilis and
Inga vera subsp. affinis) were better discriminated with VIS-NIR1 data,
the other (Qualea grandiflora) was better discriminated with VSWIR
data. In addition to the variations in deciduousness, the contrast in
chlorophylls a and b and in water and insoluble lignin between species
supports those species-specific spectral discriminations in the dry
season.
When other vegetation types spectra are inserted into the MESMA,
the success of the target-species discrimination at the crown scale
changes. Only one of the species selected at the field as a geological
indicator species proved to have particular ecological traits required to
be successfully mapped on the mosaic of the airborne hyperspectral
images. Those requirements are found to be the random and broad
spatial distribution on the terrain of the target geological facies, as well
as particular physiological, phenological and spectral behavior at the
imagery acquisition date. Ultimately, we show that the spatial
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distribution of Qualea grandiflora spectral fraction concurs with hills
and plateaus of the Aquidauana Formation in the study area, high-
lighting the importance of tree species indicators as an auxiliary means
for geologic mapping in highly vegetated Neotropical regions, where
rock exposures are typically limited.
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